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Abstract—Portfolio management is essential for any investment
decision. Yet, traditional methods in the literature are ill-suited
for the characteristics and dynamics of cryptocurrencies. This
work presents a method to build an investment portfolio con-
sisting of more than 1500 cryptocurrencies covering 6 years of
market data. It is centred around Topological Data Analysis
(TDA), a recent approach to analyze data sets from the per-
spective of their topological structure. This publication proposes
a system combining persistence landscapes to identify suitable
investment opportunities in cryptocurrencies. Using a novel and
comprehensive data set of cryptocurrency prices, this research
shows that the proposed system enables analysts to outperform a
classic method from the literature without requiring any feature
engineering or domain knowledge in TDA. This work thus
introduces TDA-based portfolio management of cryptocurrencies
as a viable tool for the practitioner.
Index Terms—Topological Data Analysis, Portfolio Manage-
ment, Cryptocurrencies, Bitcoin, Time Series Analysis
I. ORIGINALITY AND VALUE
This research presents a portfolio approach for investing in
cryptocurrencies using a method inspired by Topological Data
Analysis techniques for time series data. The proposed method
has been validated with six years of market data from 1561
cryptocurrencies.
The contributions cover the areas of portfolio management
and time series analysis. They are suited for individuals with
domain knowledge of time series and cryptocurrencies but
limited understanding of machine learning methods. This work
innovates by outlining:
1) A practical case of porfolio management for cryptocur-
rencies,
2) An application of time series using Topological Data
Analysis,
3) A novel data set providing daily market data for 1561
cryptocurrencies and spanning 6 years until early July
2019,
4) For reproducibility purposes, an implementation and data
set available for download1.
The research in section II, and section IV was supported by the Ministry of
Education and Science of the Russian Federation (Grant no. 14.756.31.0001).
Other sections were supported by the Mexican National Council for Science
and Technology (CONACYT), 2018-000009-01EXTF-00154.
1https://github.com/rodrigorivera/icdm bda19
II. PROBLEM STATEMENT
Cryptocurrencies have become a focal point of attention for
investors, regulators, media and the general population in the
last 10 years, [1]. They can be described as a system to settle
peer-to-peer payments through the use of electronic cash and
an algorithm based on encryption enabling to keep track of all
historic transactions in the system.
The existence of a centralized ledger enables both parties to
carry out financial transactions without intermediaries such as
financial institutions. As such, cryptocurrencies do not have
oversight from a higher authority or have a material represen-
tation. Similarly, there can be infinitely many cryptocurrencies.
Unlike traditional financial investments, they do not have an
underlying tangible asset or the backing of a government or a
company. [2] sees three reasons for the growth in popularity
of cryptocurrencies, their low transaction costs, peer-to-peer
design and lack of governmental regulation. As a result, they
argue that this has led to a surge in trading volume, the price
of cryptocurrencies and an increase in volatility.
Although at the moment of this writing there are more than
2000 cryptocurrencies available in the market with a total
capitalization of $279.5 billion, Bitcoin remains the market
leader with a capitalization of $193.4 billion. Its valuation
and the market for cryptocurrencies have been under constant
change. For example, in the space of one year, from October
2016 to October 2017, the market capitalization of Bitcoin
went from $10.1 billion to $79.7 billion. As a result, it was
possible to achieve a 680% return on investment per year, a
figure that according to [1] cannot be offered by any other
asset. At its peak in December 2017, Bitcoin reached the price
of $19,500. As of August of 2019, its price has been around
$10,800 and in early 2019, it reached a bottom of $3,400.
The combination of a high volatility, see Figure 6, and wide
variety of currencies, see Figure 2, makes it difficult to identify
investment opportunities. At the same time, frameworks to
optimize portfolios are highly sensitive to estimation errors
and thus poorly suited to make investment decisions with
cryptocurrencies, [3].
The limited work on portfolio theory for cryptocurrencies
and their broader societal potential motivate this research. Its
objective is to present a portfolio selection method consisting
of a technique for (1) time series processing using Topological
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Data Analysis and a (2) a framework from the marketing
literature for customer profiling used as criteria to establish
the asset allocation, [4]. This work seeks to achieve superior
performance over a 1/N ’buy and hold’ strategy for a portfolio
of cryptocurrencies.
Fig. 1. Overview of the proposed pipeline for portfolio management
III. RELATED WORK
The field of cryptocurrencies is relatively new. However,
the work of [5] is important to highlight. They also propose
a pipeline using TDA for cryptocurrencies to identify major
changes in the price of a currency. Their assessment was
made with 3 cryptocurrencies and for a limited period of two
years. More broadly, authors from other communities have
tried to assess the market of cryptocurrencies. For example,
[3] proposed a portfolio method based on estimating risk on a
selection of cryptocurrencies consisting of Bitcoin, Litecoin,
Ripple and Dash. Others such as [1] tried to develop a system to
understand the market of cryptocurrencies as an asset class with
a basket of the most popular ones such as Bitcoin, Ethereum,
Litecoin, Dash and Ripple. Similarly, [2] tried to establish
a relation between cryptocurrencies an other popular asset
classes.
Other authors such as [6] have tried to use predictive methods
to estimate the price of Bitcoin and applied Topological Data
Analysis techniques for ransomware detection in the blockchain,
[7]. Other works have sought to develop analytics for the
Blockchain such as [8]. With the exception of [5], this work
is not familiar with further literature developoing methods to
evaluate cryptocurrencies using Machine Learning methods or
TDA.
Broadly, Topological Data Analysis (TDA) can be seen
as a combination of various statistical, computational, and
topological methods with the objective of finding shape-like
structures in the data. For a detailed introduction, the reader is
invited to consult [9], [10] or [11].
Similarly, this work draws inspiration from the Recency
Frequency Monetary framework (RFM) popular in the mar-
keting literature. Its objective is to to provide answers to the
questions ’When was the last time that an individual was
active?’, ’How frequently has an individual been active for a
given time period?’, ’How much revenue has she generated?’.
For each of these questions, a score is calculated. As a result,
a three-digit number is obtained. The score is indicative for
the type of individual; low scores highlight valuable users,
[12]. For an overview, the works of [13], [14] and [15] can be
consulted.
Throughout the literature, a noticeable constant is the limited
scope of the studies due to a lack of sufficient data. An
objective of this study is to assess the largest possible subset
of cryptocurrencies, 1561, over a long period of time, six years
of data. Similarly, this work differentiates itself by using a
L-norm and seeking to extract features to estimate a suitable
portfolio allocation.
IV. DATA SET
The data set consists of six years of daily market data
representing the USD value of 1561 cryptocurrencies. Given
the recency and popularity of this market, the number of
cryptocurrencies has been constantly increasing over time, this
can be seen for example in Figure 2. Although experiments
were done on all cryptocurrencies from the provided data set,
this research will center on discussing Bitcoin due to its market
relevancy and history.
The historic volatility of Bicoin since 2013 can be seen in
Figure 3 and compared against the market volatility in Figure 6.
It is visible that Bitcoin is significantly more stable than its
peers. Yet, Bitcoin remains a highly profitable asset class, as
seen on the historic log USD value of the cryptocurrency in
Figure 4.
This is further emphasized in Figure 5 depicting the historic
rolling 60 days Sharpe Ratio of Bitcoin. This is a measure of
the risk-adjusted return of a financial portfolio with high values
being considered as desirable. One can see that the Sharpe
Ratio of Bitcoin has been mostly positive through the six years
of data available.
Fig. 2. Overview of number of cryptocurrencies by day
Fig. 3. Volatility of Bitcoin for the period 2013-05-01 to 2019-06-30
Fig. 4. Log USD values of Bitcoin for the period 2013-05-01 to 2019-06-30
Fig. 5. 60 days rolling Sharpe Ratio for Bitcoin for the periods 2013-05-01
to 2019-06-30
Fig. 6. Aggregated volatility of 1561 cryptocurrencies for the period 2013-
05-01 to 2019-06-30
V. TDA FOR PORTFOLIO MANAGEMENT OF
CRYPTOCURRENCIES
Figure 1 provides a global overview of the architecture
proposed in this work. This section details the elements
integrating this system. The proposed pipeline is applied to
each cryptocurrency as following:
Time Series→ Time Delay Embeddings→
Rips Complex→ Homology→
Landscapes→ L2-Norms→
RFM→ Score
or more formally
fi → Zj →
{R(Zj , )} → H∗(R(Zj , )) →
{λjk}k≥0 → {‖λjk‖2}k≥0 →
RFM→ N3
.
A. Time Series
A time series can be defined as a sequence of tuples
(x0, f0), . . . , (xk, fk), where x ∈ N such that at index i, a
function fi = f(xi); fi represents one cryptocurrency; for
example, Bitcoin.
B. Time Delay Embedding
The idea behind TDA is to build upon some continuous space
on top of the data that faithfully encodes the topology and the
geometry of the underlying shape; one of these techniques is
the simplicial complex, [10]. To be able to work with simplicial
complexes, each element in fRFMi must be transformed into
a point cloud through a time delay embedding (TDE) Zj .
To obtain a TDE Zj = {zj , zj+1, . . . , zj+w+1} of size w,
for j ∈ 1, . . . , N − d− w + 2 with w being sufficiently large
to fulfill d w  N and d the number of D = 1-dimensional
objects or loops to be detected, it is necessary to generate first
a cloud of w points in Rd, which changes slowly in time.
The size of w is usually chosen based on the applica-
tion and data. In this work, it is 30. The cloud of points
consist of the vectors z1, z2, . . . , zN−d+1 embedded in Rd.
They are the result of a transformation of a time series
X = {x1, x2, . . . , xN} for the periods i = 1, 2, . . . , N into
a sequence of (N − d + 1) d-dimensional delay coordinate
vectors zN−d1 = (xN−d+1, xN−d+2, . . . , xN ).
C. Rips Complex
Once a point cloud has been obtained, Rips filtration, a
popular algorithm in TDA, is used. The objective is to obtain
death and birth complexes. The point-cloud Zj ⊆ Rd for
j ∈ {1, . . . , N − d−w+2} can be associated to a topological
space through the so-called Vietoris-Rips simplicial complex,
R(Z, ), [16]. This is a form of filtration R(Z, ) ⊆ R(Z, ′)
whenever  ≤ ′, if two conditions are met.
The first condition is that for each j ∈ {1, 2, . . . , k}, a
k-simplex of vertices {zi1 , . . . , zik} is part of R(Z, ). The
second one requires that d(zij , zil) ≤ , the mutual distance
between any pair of its vertices, is less than  for all zij , zil ∈
{zi1 , . . . , zik}.
D. Homology
The k-dimensional homology Hk(R(Z, )) of the Vietoris-
Rips simplicial complex with coefficients in some field must
be computed. This research works with the 1-dimensional
homology {H1(R(Z, ))})) corresponding to independent
loops in R(Z, ).
The filtration property of the Rips complexes has as a
consequence that for each k, Hk(R(Z, )) ⊆ Hk(R(Z, ′))
whenever  ≤ ′.
E. Persistence Diagram
These inclusions determine canonical homomorphisms, a
family of induced mappings. As a result, there exists a pair
of values 1 < 2 for each non-zero k-dimensional homology
class. This allows to obtain the pair (bα, dα) representing the
’death’ and ’birth’ indices of α ∈ Hk(R(Z, 1)). The class α
is ’born’ at bα := 1 and ’dies’ at dα = 2.
This information can be encoded in a persistence diagram
Pk consisting of a point pα = pα(bα, dα) ∈ R2 together with
its multiplicity µα = µα(bα, dα). This equals to the number
of classes α that are born at bα and die at dα. The multiplicity
is finite, since the simplicial complex is also finite.
In addition, Pk contains all points in the positive diagonal of
R2, they represent all trivial homology generators that are born
and instantly die at every level. Each point in the diagonal has
a infinite multiplicity.
F. Persistence Landscape
The space of persistence diagrams can be embedded into
a Banach space, for example using a persistence landscape.
This consists of sequences of functions in the Banach space
Lp(N× R).
For each (bα, dα) ∈ Pk, one must define a piece-wise
linear function for the intervals (bα, bα+dα2 ], (
bα+dα
2 , dα) and
(bα, dα). A sequence of functions λ = (λk)k∈N, where
λk : R→ [0; 1] is associated to the persistence diagram Pk.
These sequence of functions are defined as
λk(x) = k-maxf(bα,dα)(x)|(bα, dα) ∈ Pk
where k-max is the k-t largest value of a function.
G. Norm of λ
The persistence landscapes form a subset of the Banach
space Lp(N× R), where the Lp-norm of λ is given by
‖λ‖p = (
∞∑
k=1
‖λk‖pp)1/p
with p ≥ 1. [17] suggests to work with the L2-norm, whereas
[5] proposes the L1-norm. In this work, the L2-norm is used.
Various experiments showed that it better models the behavior
of the cryptocurrency markets, as it is specially robust under
small perturbations. This can be seen visually in Figure 7,
where the ‖λ‖2-norms are displayed against the USD value of
Bitcoin.
H. Computation of Features
The features used to calculate the portfolio allocation are
based on the daily difference between two consecutive ‖λ‖2-
norms, which can be defined as Diff-L2t = ‖λ‖t2−‖λ‖t−12 with
t ∈ Z, a time index. They can be visualized in Figure 8, for
six years of data of Bitcoin.
Similarly, this work adapts the questions presented in
section III to the context of cryptocurrencies with an L2-norm
and as such it defines them as following:
1) Recency: Number of days since Diff-L2t was positive.
2) Frequency: Number of times that Diff-L2t has been
positive in a given period,
∑t
i |Diff-L2i ||Diff-L2i ≥ 0.
3) Monetary: The cumulative value of the daily difference
between two consecutive L2-norms for a given time
period,
∑t
i Diff-L
2
i .
The result is a set of three numeric features
Recency,Frequency,Monetary ∈ N or RFM associated
to each cryptocurrency fi.
Once all features have been computed, they are combined
in a single set C containing all cryptocurrencies fi, as such,
a subscript cinZ is added to RFMc to indicate the features
computed for each cryptocurrency fi using their respective
Diff-L2i . Thus, C = {{Rc}, {Fc}, {Mc}}. The values of each
subset of C are normalized as following
zi =
xi −min(x)
max(x)−min(x)
where x = (x1, ..., xn) and zi is the ith normalized element
in a subset of C.
I. TDA Portfolio
With the values obtained in C, it is possible to create a
portfolio allocation based on the ranking of each cryptocurrency
generated by the normalization of the values in C. The
respective allocation is done by summing the normalized values
Rzc + F
z
c + M
z
c with z being a subscript to indicate that
the value was normalized and c identifying the respective
cryptocurrency and normalizing the result. This can be called
scorec = sum(Czc ). The allocation is done by dividing this
score by the total number of cryptocurrencies whose scorec ≥ 0.
Thus allocationc = scorec|Czc | where C
z
c ≥ 0.
Fig. 7. L2-Norm of persistence landscape of Bitcoin vs USD value of Bitcoin
for the period 2013-05-01 to 2019-06-30
Fig. 8. Differences of the L2-Norms of the persistence landscape of Bitcoin
for the period 2013-05-01 to 2019-06-30
VI. METHODS
In addition to TDA for Portfolio Management of Cryptocur-
rencies described in subsection V-I, a traditional method for
Fig. 9. Log returns of 1561 cryptocurrencies for the period 2013-05-01 to
2019-06-30
Fig. 10. Differences of the L2-Norms of the persistence landscape of 1561
cryptocurrencies for the period 2013-05-01 to 2019-06-30
Fig. 11. Portfolio returns between ’TDA Portfolio’ and ’Naive Portfolio’ for
the period 2013-05-01 to 2019-06-30
portfolio allocation is used as a benchmark. It allocates the
investment amount equally over all cryptocurrencies, 1/N with
N being the total number of cryptocurrencies available. This
method is denoted as ’Naive Allocation’
VII. DISCUSSION & LEARNINGS
The results between the ’TDA Portfolio and the ’Naive
Portfolio’ can be seen for the period 2017-12-17 to 2019-07-05
in Figure 11. The start date was selected as this was a period of
intense interest among general audiences for cryptocurrencies.
This was very close to the peak of $19,500 per Bitcoin. As
such, this encouraged many new investors to enter the market.
Since then, results have diverged significantly and this can be
seen in Figure 11.
The returns are for both portfolios negative. However, for
the ’Naive Portfolio’ the performance was significantly worse.
This can be seen more in detail in Table I, where the naive
porfolio results in significant monthly loses, whereas the TDA
portfolio offers a better performance.
TABLE I
ADJUSTED PERFORMANCE OF TDA PORFOLIO VS NAIVE PORFOLIO OVER
THE PERIOD JANUARY 2018 TO JULY 2019. LOWER NUMBER DENOTES A
WORSE PERFORMANCE OF THE PORTFOLIO
Date TDA Portfolio Naive Portfolio
2017-12 -2.88 -4.03
2018-01 -6.01 -11.03
2018-02 -7.78 -5.93
2018-03 -10.10 -10.11
2018-04 -7.94 -12.02
2018-05 -5.03 -9.0
2018-06 -2.0 -6.0
2018-07 -2.01 -9.0
2018-08 0.0 -7.0
2018-09 0.0 -7.0
2018-10 -1.96 -9.01
2018-11 0.06 -7.43
2018-12 0.08 -9.0
2019-01 0.05 -10.93
2019-02 -0.99 -7.95
2019-03 0.05 -8.93
2019-04 0.01 -11.81
2019-05 0.12 -10.03
2019-06 0.09 -8.97
2019-07 -1.54 -1.98
Another benefit of using a TDA-based approach can be seen
in Figure 10 and Figure 10. The daily returns for the market
are depicted both in the form of the norms as well as the log
returns. The log returns contain significant noise, whereas the
TDA norms show the peak in the market in late 2017 and its
later collapse.
A. On deploying in production
Due to the scope of this study, the proposed methods have not
yet been deployed in production. From a technical perspective,
this study was done on a server with 256GB RAM, 40 CPUs,
2 threads per core, 20 cores per socket and one socket.
VIII. TAKEAWAYS FOR THE PRACTITIONER
[15] already showed that TDA can be used successfully for
commercial time series and [5] showed that it can also be used
to analyze cryptocurrencies. This work takes these ideas and
combines them together with a popular managerial framework
to provide an alternative for asset allocation using exclusively
time series data collected from public sources.
A set of experiments were carried to assess the suitability of
this system. The results show that using the L2-norms provides
more insights and is more effective than using a traditional
portfolio method.
However, time series with TDA is not yet suited for large
data sets. Computing the homologies is expensive. Another
limitation of this method is the lack of established best practices
for defining the size of the sliding window to generate the
point cloud. This can be especially difficult whenever dealing
with sparse time series data. Thus, in order to improve the
method, two bottle necks need to be addressed. On one side, the
computation using TDA methods. On the other side, develop
methods to optimize the window size and related parameters.
This study provides an implementation for all experiments
to be used out-of-the-box. Finally, the data set made available
is unique and novel. There are no other public data sets for
cryptocurrencies that are comparable.
IX. CONCLUSION
This work presents an approach for portfolio management
of cryptocurrencies using TDA and time series data. Given the
unique characteristics of cryptocurrencies, traditional tools for
portfolio management are not well-suited.
As a further line of work, this work will seek to cover very
large data sets with intra-day data. An additional line is to
adapt other popular frameworks for portfolio allocation to the
context of TDA methods.
Overall, TDA is a nascent field specially in combination with
analysis of cryptocurrencies. As the field grows in popularity
and new business applications appear, it is to be expected that
TDA will become an essential tool for the practitioner.
X. REPRODUCIBILITY
A. Topological Time Series Clustering
The ’TDA Portfolio’ pipeline consists of the following steps:
1) As a first step, the time series must be converted using
sliding windows. The objective is to generate delay
embeddings that can be projected as a point cloud.
2) Once the point clouds have been obtained, Rips filtration,
a popular algorithm in TDA, is used, with the objective
of obtaining death and birth complexes. These processes
can be visualized in the form of persistence diagrams.
The points of interest are those outside of the diagonal.
3) As a fourth step, barcode diagrams are generated for both
0- and 1- dimensional homologies. The focus is on the
1-dimensional homologies (loops). The 0-dimensional
ones do not provide relevant information.
4) This information is used to generate the persistence
landscapes.
5) One computes the L2-norm of each persistence landscape,
and as a result, one obtains a time series of norms.
6) The difference of the L2-norms is computed for each
cryptocurrency.
7) Features around the concept of RFM are computed for
each cryptocurrency
8) The features are normalized and added to obtain a final
score
9) The score is used to define the amount to be allocated
to each asset.
10) Portfolio returns are calculated for the period 2017-12-17
to 2019-07-05
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